Regulating the output current and reducing the harmonic distortion are key control problems in the airport navigation dimming power supply (DPS). In this study, a new method which could dynamically adjust P and I gains is presented for the DPS based on the radial basis function (RBF) neural networks combined with the gradient descent method. To implement the proposed method, the key factors which influence the performance of DPS are revealed by analyzing the dynamic response of the control system. The controller design process is presented in detail along with a system stability analysis. The correctness of theoretical derivation is examined through extensive digital computer simulation analyses in MATLAB while the comparative analysis is carried out under different operation conditions through experiments in a 30kW experimental prototype. The results indicate that the DPS adopting the method proposed in this paper could obtain better dynamic response and less harmonic content in various complex working conditions. INDEX TERMS Current control, dimming power supply, harmonic distortion, neural networks.
I. INTRODUCTION
DPS is the core part of airport navigation light system, which guarantees the safe take-off and landing of aircraft, and has a dimming range of level 1-5 (2.80 A/ 3.40A/ 4.10 A/ 5.20A/ 6.60A). The navigation DPS is composed of a front-end input rectifier circuit and a back-end single-phase output inverter circuit. The control system of back-end inverter directly affects the dynamic response speed, the steady accuracy and the harmonic contents of output current. However, the graded lighting quality of lamps is closely related to the output current characteristics. If the dynamic response ability of inverter controller is poor, it is quite easy to cause light flicker, which is one of the causes of airport accidents. Meanwhile, the load lamps are connected to DPS through isolated transformer. The open circuit or short-circuit condition will occur at the secondary side of the isolated transformer when the lamps break down. No matter what kind of fault, the lighting system should maintain normal operation. However, under this complex operation condition, the output current distortion The associate editor coordinating the review of this manuscript and approving it for publication was Dinesh Kumar . rate will increase. Correspondingly, the harmonics will cause serious interference to the communication equipment and threaten the safe flight of aircraft.
In order to improve the comprehensive performance of the inverter, related researches have been carried out in recent years. Some linear control methods were studied, including the PI controller, quasi-resonance controller, and deadbeat controller. The designing process of these methods is simple, which is characterized by low cost and high stability. However, the linear control algorithms depend on the mathematical model of the controlled object, and the performance is easily affected by the fluctuation of circuit parameters, so the control accuracy is unsatisfactory [1] - [5] . The model predictive control with the characteristics of satisfactory stability, high steady-state accuracy, but poor robustness and strong dependence was adopted for the purpose of improving the power quality regulation in T-type three-level (TL) inverter [6] - [8] . Compared with the traditional linear control, nonlinear control algorithms [10] - [14] , such as the sliding mode control [10] and neural networks control [12] - [14] and soon on, have some advantages in the steady-state precision and dynamic response. However, the design process is relatively complex, there are many parameters that need to be optimized, and it is lack of theoretical basis for parameter selection. Besides, the neural networks control needs a certain convergence time. The stability of the variable load operation is poor and the oscillation can be easily generated. The repetition controller is used to improve the sinusoidal degree and the steady accuracy of the controlled object, but the dynamic response speed could not be taken into account [15] - [20] . The main problem of the algorithm mentioned above is that it is not adaptive and cannot meet the special requirements of the airport DPS. In order to improve the inverter performance in various complex operation conditions, the adaptive neural networks control algorithm is studied. A self-adaptive neural networks control method was proposed for the single-phase cascaded h-bridge multi-level inverter. Compared with the traditional PI controller, the selfadaptive parameters can be adjusted under different loads, therefore the comprehensive adjustment effects have been improved. However, there are more parameters that need to be optimized [21] . The back propagation neural networks was adopted to adjust the coefficients of PI controller in real time, which suppressed the DC component of the inverter and reduced the steady-state error, but has the slow convergence speed and poor real-time performance, so it is also difficult to overcome the problem with many parameters that need to be optimized [22] . By studying the local adjustment patterns in the human brain and mutual coverage acceptance domain, J. Moody and C. Darken put forward the RBF (Radial Basis Function) neural networks [23] . It is a kind of three-layer feed-forward networks containing the input layer, the hidden layer and the output layer. Because of the local approximation and the uncomplicated rules, the learning speed is fast, the real-time control effects are excellent, and it is easy to implement. The input layer to the implicit layer is a nonlinear mapping composed of RBF [24] . The implicit layer to the output space forms a linear relation by weighted summation. By increasing the number of hidden layer nodes, any continuous function can be approximated with any precision [25] .
Considering the above-mentioned points, the traditional linear control method is modeled and simulated in this paper. Through analysis, it is found that if the precise mathematical model of the controlled object is obtained, the dynamic response speed and the harmonics of the DPS will be greatly improved by dynamically adjusting the parameters of the controller. However, because of the nonlinear characteristic of the lamp loads, it is difficult to accurately measure the parameters online. It is a common way to obtain system parameters by the identification networks. Unfortunately, the structure of the traditional identification method is complex, there are more identification parameters that need to be optimized and its convergence speed is slow, which reduces the response speed of the graded dimming. Therefore, a new control technique is proposed in this paper, which uses the RBF neural networks with the advantage of the local approximation to quickly identify the Jacobian information (the change rate of the output with respect to the input), and dynamically adjust the control parameters by the gradient descent method to adapt to the complex operation conditions of the airport DPS.
The main contribution of this paper is presenting a new method which can automatically adjust the PI parameters on-line, improve the dynamic performance, and adapt to the complex operation conditions. The DPS using the method proposed in this paper can achieve fast and stable light regulation, significantly suppress the harmonics under complex operation conditions, and realize the high-quality sinusoidal constant-current output. Contrary to the existing techniques, the method studied in this paper has the following advantages: the parameter identification is independent of the system's internal parameters, the identification accuracy is higher, the convergence rate is faster, and the parameters which need to be optimized are less.
The rest of this paper is organized as follows. The modeling and dynamic performance analysis on the T-type TL inverter topology are conducted in Section II. The proposed technique is presented along with stability analysis in Section III. The comparative operation performance under different operating conditions through the simulation is presented in Section IV. The effectiveness of the method was verified by experiments, which were carried out with a 30kW prototype of DPS. The main conclusions are drawn in Section VI.
II. DYNAMIC PERFOMANCE ANALYSIS A. ANALYSIS ON THE T-TYPE THREE-LEVEL INVERTER TOPOLOGY STRUCTURE
As shown in Fig.1 , the single-phase T-type TL inverter topology [26] - [27] is adopted for the DPS. The main circuit is composed of four switching tubes. T k represents the k th switching tube. The DC bus voltage is E; the voltage and current at the I point are U i and I i respectively; n is the boost transformer winding voltage ratio; U o is the primary voltage of the transformer; I o is the secondary side output current; L and C respectively refer to the filter inductance and capacitance. the rated condition can be equivalent to the resistance R and inductance L1, which will decrease with the increase of the current. In order to facilitate the analysis, the secondary side is converted to the original side equivalently.
As shown in Fig. 3 , the triangular carrier stacked PWM modulation method [28] was adopted to control the switch tubes. The conduction of T 1 and T 2 are complementary, and so is the conduction of T 3 and T 4 [29] . Of which, v m is instantaneous value of the sinusoidal modulation wave; V m is the sinusoidal modulation wave amplitude; V tri is the triangular wave amplitude; u xm is the modulation ratio. When the carrier frequency is much higher than the output frequency of the inverter, the average value in a switching period can be equivalent to the instantaneous value. The transfer function between U i and v m can be expressed as follows:
The transfer function of LC filter between U o and U i is G 1 (s); G 2 (s) is the transfer function between I o and U o . 
B. PARAMETER CALCULATION OF THE CONTROL SYSTEM
As shown in Fig. 4 , it is the single-phase T-shape TL inverter control system. Under the normal operation condition (no loads open circuit or short circuit), the loads are equivalent to pure resistance, so the equivalent inductance L 1 is zero.
The control system compares the effective value of the output current I o with a reference signal to obtain deviation signal, and reference effective value of the sinusoidal output current will be obtained after the deviation signal passes through the outer ring PI controller. The modulation signal was obtained by the instantaneous current PI controller in the inner loop of the system. The triangular carrier stacked PWM modulation method was used to control the switching tubes The inner loop controller of the system is the key factors to affect the output harmonic current, thus this paper focuses on the design of the inner loop parameters, of which, the PI parameters of the inner loop are respectively K p2 and K i2 , and the open loop
In traditional control methods, the design processes of the filter inductance L, the filter capacitance C, and the PI controller parameters were presented as follows. The switching frequency is10kHz, and the LC filter cut-off frequency f n was set to 10% of f s . So, the relation between f n and LC can be expressed as follows:
In order to improve response speed and stability of the inner loop instantaneous current, the system traversing frequency f c corrected by the PI controller was set to 10% of f n . Meanwhile, the zero point of the inner loop PI controller was set at the turning frequency of the filter to let the cut-off frequency of LC filter remain unchanged. The above relationship can be expressed as (6) and (7) .
The closed-loop transfer function at the cross-over frequency is equal to one, which can be expressed as follows:
The filter inductance was calculated according to (9) [30] .
refers to the output current angular velocity, ω L = √ 1/LC refers to the cut-off angular frequency of the filter, and the step-up transformer winding voltage ratio n = 20. The rated power of the DPS P = 30kW, the output current I o = 6.6A, E = 760V, Vtri = 1, and the equivalent load R = 30000/6.62/202 ≈ 1.7 . At this point, the output voltage is U o = 1.7 * 20 * 6.6 = 224.4V. L = 271 µH and C = 93.5 µF which are calculated by (5) and (9) . Actually, we substitute L = 271 µH and C = 100 µF into (4), then the open loop transfer function before PI correction can be obtained as follows:
From (14) and (15), we can obtain the calculation expression of the inner loop PI parameters about the equivalent load resistance R, which is shown in (11) .
In this paper, the range of equivalent load R is 0-2 ohms which was measured in the actual operation conditions. In order to further intuitively obtain the dynamic and static characteristics of the system with the change of R, the root loci was drawn and the unit step response under different loads was analyzed. According to the analysis in the previous section, in order to achieve better control effect, the PI parameters should be adjusted according to (18) . Under the rated load, the open-loop transfer function G 3 (s) after PI correction was obtained by substituting R = 1.7 into (18) to get K p2 = 0.0089 and K i2 = 55.9203.
Open-loop zero-point Z = -6283.2 after PI correction, and the equivalent root loci transfer function as the change of R is:
The root loci of G 4 (s) is as shown in Fig. 5 , where the closed-loop poles p (CLP) are all located in the left half plane of the virtual axis, so the closed-loop of system is stable. The open-loop zero is far from the virtual axis, so the dynamic characteristics of the system are mainly determined by the dominant poles near the virtual axis. When R < 0.798 , with the increase of the imaginary part of the dominant pole, there will be a large overshoot as shown in Fig. 6 . When R > 0.798 , the dominant poles are all located in the negative real axis. With the increase of R, the dominant poles shift to the right and the response speed of the system is slow down.
According to the PI parameters designed above, the unit step responses under different loads R are shown in Fig. 6 . It can be seen that when the equivalent load R is 0.3 , 0.5 or 0.7 , the internal loop of the instantaneous current has a large overshoot, which results in poor instantaneous current following performance. The harmonic contents of the output current are increased. When R > 0.7 , with the increase of load R, the dynamic response speed of the system is slow down. Therefore, it can be concluded that the control effect of PI controller is poor, which was designed at the rated power and can only operate within a limited load range. In order to achieve better control effects, the PI parameters need to be adjusted dynamically. Similarly, when open-circuit or short-circuit happens on the secondary side of some isolated transformers, the equivalent load inductance L 1 is increased significantly. According to (2) and (3), the open-loop transfer function G 5 (s) after PI rectification is calculated as follows. The corrected PI parameters is designed under the rated load in the same way.
When L 1 changes, the equivalent root locus transfer function is:
The root loci of G 6 (s) is as shown in Fig. 7 . When the equivalent inductance L 1 is less than 0.14856mH, the real part of CLP away from the virtual axis is more than 4 times greater than that near the virtual axis. Therefor its effects on the system can be ignored, and there is no overshoot in the system. When L 1 is more than 0.14856mH, with the increase of L 1 , the virtual part of the dominant pole is larger, the overshoot becomes larger, and it is easy to cause oscillation. The unit step responses of different equivalent inductance L 1 are as shown in Fig. 8 . Similarly, according to (7) and (8), the inner loop PI parameter with the change of L 1 is obtained as shown in (16) .
Considering the above-mentioned points, it can be concluded that:
(1) As we know, the DPS must maintain continuous power supply and provide high-quality current under any complex conditions. However, When the DPS loads change, the equivalent resistance R changes; When the lamps occur open circuit or short circuit, the equivalent inductance L 1 changes. At the same time, the changes of R or L 1 have a significant effect on the output current characteristic. (2) In the traditional PI control mode, the PI parameter is designed under the rated working condition. When the equivalent loads change, the following performance of the instantaneous current in the inner loop becomes poor, which results in the increase in the harmonic contents of the output current.
When the open circuit or short circuit occurs on the secondary side of the lamp isolated transformer, the small change of the equivalent inductance will greatly affect the following performance of the instantaneous current in the inner loop, which results in the deterioration of the output sinusoidal current. (4) According to the analysis of (11) and (16), the better control effects can be achieved by adjusting the PI parameters dynamically as Rand L 1 change. However, it is quite difficult to accurately measure the load equivalent resistance R and equivalent inductance L 1 online. Therefore, this paper identifies the parameters of loads by the RBF neural networks, the PI parameters are adjusted online, and the dynamic performance of the control system is improved.
III. THE PROPOSED TECHNIQUE A. DESIGN OF THE RBF NEURAL NETWORKS PI CONTROLLER
As shown in Fig. 9 , a single-phase T-type TL inverter control based on the RBF neural networks PI controller is proposed in this paper. RBF neural networks PI with adaptive ability was adopted to replace PI controller. At the same time, on the basis of the double closed-loop control, the voltage feed-forward is introduced to suppress the influence of loads change on the performance of the system, further to improve the steady accuracy. The deviation signal of the controlled object at k time is defined as:
In (17), y ref (k) and y(k) respectively refer to the reference output and the actual output of the controlled object at k time, FIGURE 9. The system control block diagram based on the RBF neural networks PI controller. and the input of the RBF PI controller is:
The control algorithm is designed as follows, u(k) is the output of the controlled object at k time:
K p and K i realize self-tuning and self-adaptation by gradient descent method [31] :
According to the e(k), K p and K i are the variation of K p and K i during a sampling period. Obviously from (18) and (20) we know that K p and K i are the infinitesimal of higher order of e(k), So when the system is stable K p and K i are tend to zero. The evaluation function of the gradient descent method is defined as:
η refers to the learning rate of K p and K i . ∂y/∂ u is the Jacobian information of the controlled object which is identified by the RBF neural networks.
Schematic diagram of this method is as shown in Fig. 10 . y m is the output of RBF neural networks; x p , x i , and the deviation of y m and y are the input of RBF neural networks. By the gradient descent method (20) and the identified Jacobian information, the PI parameters are adjusted dynamically, which improve the dynamic response ability and achieve the purpose of self-adaption. The structure of 3-6-1 is adopted in the RBF neural networks, as shown in Fig. 11 . i refers to the input layer containing three nodes (x 1 , x 2 , x 3 ); j refers to the implicit layer containing 6 nodes (h 1 
the input vectors of the networks; the hidden layer radial basis vector
The Gaussian basis function is adopted as follows:
In the (22), C j is the central vector from the input layer nodes to the j th hidden layer input node, 6 ] T is the networks base width vector, the weight vector of the networks is W = [w 1 , w 2 , w 3 , w, w 5 , w 6 ]T. The output of the RBF neural networks is:
The performance index evaluation function of the identification networks is as follows:
The identification process is as follows.
Step 1: a set of C and B vector are randomly generated, and the radial basis vector is calculated according to (22) . Step 2: according to the gradient descent method, the iteration computing of C, B, W , and h are as follows:
α is the inertia factor. VOLUME 7, 2019 Step 3: When the evaluation function J < ε, it is the end of the iteration. And the identified Jacobian information is obtained as follows:
Step 4: After the Jacobian information is identified, the PI parameters will be adjusted adaptively by (20) . The RBF neural networks identification process needs three steps. Since only the jacobian information of the system is needed to be identified, the number of samples and sampling times required for identification are greatly reduced. Because the gradient descent method is adopted, the PI parameters always changes in the direction of the error reduction, accompanying the whole adjustment process of the system until the error is small enough. In other words, when the error is small enough, the variation of PI parameters is trend to zero. Therefore, this control method not only improves the dynamic response of DPS but also avoids the influence of PI parameter change on the steady state of the system.
B. SYSTEM STABILITY ANALYSIS
Referring to the indirect adaptive control method proposed in [32] , the stability of the system is analyzed by Lyapunov stability criterion. The system's instantaneous third-order state equation of the inner loop can be expressed as follows:
In the formula, (x 1 , x 2 , x 3 ) is the state variable. u and y respectively refer to the input and output of the system. f (x 1 , x 2 , x 3 ) is the unknown third-order equation of the system. y ref is the reference actual output, the error is expressed as:
Take e s = t 0 edt, E = (e s ,ė s ,ë s ,
We substitute (36) into (34), it can be obtained: ... e + e s K i +ė s K p = 0 (30)
Through selecting a proper value of K , when t tends to infinity, e s tends to zero. Therefore, the output y of the system converges to the actual output y ref . When f (x 1 , x 2 , x 3 ) is unknown, RBF neural networks is adopted to obtain the approximation of f (x 1 , x 2 , x 3 ) which is expressed as follows:
W is the neural networks weight, h(x) is a Gaussian function, W is adjusted by the adaptive rule, which is designed as:Ẇ = −ηE T Pbh(x) (32) P is positive definite matrix, b = [0, 0, 0, 1] T . According to the approximation of f (x 1 , x 2 , x 3 ), we take a new control law:
We substitute (33) into (37), it can be obtained as:
then (34) can be expressed in the form of phasor:
Define the optimal parameter as:
Define the minimum approximation error as:
We substitute (37) into (35), then it can be expressed as:
We substitute (31) into (38), then it can be obtained as:
The formula (39) shows that, according to the adaptive law designed by RBF Neural Networks, when the weight W approaches W * the error E approaches zero, the system is stable, and the output y converges to y ref . Thus, the Lyapunov function can be defined as:
P is the positive definite matrix in (32) , which satisfies the Lyapunov equation:
Q is any 4 * 4 positive definite matrix, take:
Thus: 
We substitute (42) into (44), then it can be obtained as follows:
According to the above derivations, the derivative of V is as follow:V
We substitute the adaptive law (32), then it can be concluded as:V = −
− 1 2 E T QE ≤ 0, it has been proved that RBF neural networks can approximate arbitrary continuous function with arbitrary precision. Therefore, when ω is small enough, the system is stable.
IV. SIMULATION RESULTS
In order to verify the effectiveness of the control method proposed in this paper, a single-phase T-type TL DPS simulation model was set up in Matlab/ Simulink, and the simulation results were compared and analysed. The simulation parameters were set as follows: the rated power of the DPS was 30kW, and the loads were 150 groups of lamps with isolated transformer connected in series. The luminance of the lamps was closely related to the effective value of the output current, Therefore, in the simulation, we only cared about the external characteristics of the lamp units which could be equivalent to the resistance and inductance. The equivalent R was measured on an actual DPS system when it worked in the normal operation condition. According to the measurement, the open circuit inductance of each isolated transformer L 1 = 68.32mH, and the short circuit inductance L 2 = 1.3668.32mH. The system filter inductance L = 271uH; the filter capacitance C = 100uF; the DC bus voltage = 780V; the DC bus capacitance is 3mF; the switching period is 100us and the sampling period is 10us. According to the national test standard of navigation DPS [31] , the resistive load (21kW) and lamp loads with isolated transformer (9kW) were adopted. Under the test condition where the secondary side of lamp isolated transformers (9kW) was open circuit or short circuit, the dynamic performance and harmonic contents were measured respectively. The equivalent loads parameters are as shown in Table 1 . Under the rated load (30kW), the comparison and simulation output current waveforms of the DPS from start-up to stable level-5 light output (load current (6.6A)) are shown in Fig. 12 . It can be seen from the simulation waveforms that there is no significant difference in the output current harmonic contents between the traditional PI controller and the RBF neural networks PI controller. The ability of RBF neural networks PI controller to suppress harmonics has been improved. In the aspect of dynamic response speed, the dynamic response time of RBF neural networks PI controller is 0.12s, and that of PI controller is 0.37s. The control effect of RBF neural networks PI controller is better than that of PI controller.
Under the standard test condition where 30% of loads (9kw) are open circuit or short circuit at the secondary of the isolated transformer, the comparison and simulation output current waveforms of the DPS from start-up to stable level-5 light output are shown in Fig. 13 and Fig. 14 current. The conclusion of comparison and simulation is consistent with that in Section II, which proves the correctness of the theoretical derivation.
According to the method proposed in this paper, the worst operation conditions that might be encountered was simulated. The DPS was started under rated load, and then 30% loads were open circuit at 0.4s. The simulation waveforms are shown in Fig. 15 . RBF neural networks PI controller had strong anti-interference ability. When the open circuit occurred on the secondary side of isolated transformer, the control system could adaptively adjust the PI parameters, which recovered to the stable state after 20 ms. The harmonic content of output current increased to 4.89% which was much less than that of PI controller. Meanwhile, the self-adaptive adjustment process of K p and K i were measured, as shown in Fig. 11 (d) and (e).
V. EXPERIMENTAL VERIFICATION A. THE HARDWARE PLATFORM
In order to verify actual control effects of the method proposed in this paper, the hardware platform of 30kW DPS was constructed as shown in Fig. 16 . The control algorithm was realized by 32-bit floating-point DSP TMS320F28335. A hall current sensor was installed at back-end inverter to measure the output current. The output current waveforms were measured by two-channel Tektronix oscilloscope DPO4102B, and the output current harmonics were measured by power quality analyzer Fluke 435. The parameters are given in Table 2 .
B. ANALYSIS OF EXPERIMENTAL RESULTS
Under the standard test condition where 30% lamps with isolated transformer (9kW) and 70% electronic load (21kW) keep in normal operation [33] , the steady-state level 1-5 output current waveforms and harmonics of RBF neural networks controller are shown in Fig. 17 . It can be seen from the figure that the output current is stable and accurate. The harmonic contents of output current are less than 3% (the industrial requirement is less than 5%), and the output current quality is high. In order to intuitively reflect the experimental effects, the measurement data with 1-5 dimming are shown in Table 3 . The results show that the method proposed in this paper both have a high accuracy (permissible error is ±0.1A) and a little harmonic content.
Under the standard test condition where the power dimming was started to level-5 and then switched from level-5 to level-3, the experimental comparison effects of output current dynamic response between RBF neutral networks PI controller and PI controller are shown in Fig. 18 . The power-on time of traditional PI controller was about 506ms (the industrial requirement is less then 1s), and that of RBF neural networks PI controller was about 291ms which was equal to the time that the PI parameter changes, (due to the PI control parameters are dynamically changed by the gradient descent method and the e(k)); the level switching time of traditional PI controller was about 400ms, and that of RBF neural networks PI controller was about 220ms. The method proposed in this paper improved the dynamic response ability of DPS and significantly shortened the power-on and level switching time.
Under the standard short circuit test condition where 30% lamps with isolated transformer (9kW) are short circuit and 70% electronic load (21kW) keeps in normal operation [33] , the comparison steady-state level-5 output current waveforms and harmonics of RBF neural networks PI controller and that of traditional PI controller are shown in Fig. 19 . The harmonic content of traditional PI controller THD is 6.0%, and that of RBF neural networks PI controller THD is 2.6%. The short circuit distortion of output current is obviously suppressed by RBF neural networks PI controller.
Under the standard open circuit test condition where 30% lamps with isolated transformer (9kW) are open circuit and 70% electronic load (21kW) keeps in normal operation [33] , the comparison steady-state level-5 output current waveforms and harmonics of RBF neural networks PI controller and that of traditional PI controller are shown in Fig. 20 . The harmonic content of traditional PI controller THD is 16.0%, whereas that of RBF neural networks PI controller THD is 5.8%. The open circuit distortion of output current is obviously suppressed by RBF neural networks PI controller.
VI. CONCLUSION
In this paper, in order to improve current regulation and harmonics of navigation DPS, the modeling of single-phase T-type TL DPS was carried out. The key factors affecting the dynamic response ability and current harmonic content were analyzed under various operating conditions including graded dimming, partial open circuit, partial short circuit and so on. A PI control strategy based on RBF neural networks was studied and designed. The method only needed to identify (the change rate of the output with respect to the input) Jacobian information, further to adapt to load change and set PI parameters. Meanwhile, the stability of the control method was proved by Lyapunov method. In the aspect of the dynamic response time and harmonic characteristics of output current of navigation DPS, the detailed comparative analysis was made between RBF neural networks PI controller and traditional PI controller. The simulation analysis and experimental results showed that the control method designed in this paper had better dynamic response ability and harmonic characteristics. Especially under the special conditions, such as open circuit and short circuit, the method showed excellent control performance. 
